Abstract. The signals emanating from the bearings are complex and contribute to various distributions. The effect of the distribution and mathematical operations are responsible for the change in the statistical moments. This paper investigates the effect of noise on statistical moments of the bearing vibration signals. Initially, the distribution function for Healthy, inner race defect (IRD), outer race defect (ORD), and ball defect (BD) are tested using Kolmogorov Smirnov test (K-S test). The resulting distributions obtained from the K-S test are normal and Laplacian distributed patterns and convey the faulty state of the bearings. The change in noise levels and their influence on the statistical moments are verified. It is observed, the kurtosis for IRD and ORD decreases with increase in noise, whereas, the trend increases for healthy and BD faults.
Introduction
Vibration signals analysis is a classical method for detecting bearing faults. The nonlinearity along with the non-stationary property of the bearing signals can alter the probability distribution functions (pdf). The extraction of the signal depends on how closely the basis function matches to the signal. The shape of the pdf clearly demonstrates the true nature of the basis functions. In practical cases, the signal can converge to one or many of the distributions based on the sample length chosen for the observations [1] , and it also shows more bias towards sampling rate of the data acquisition device [2, 3] . Kurtosis depends on the shape factor rather than the amplitude of the signal, and shape factor, in turn, depends on the distributions [4] . The analysis of pdf can be carried out using different methods, like Kolmogorov Smirnov test (K-S test), Anderson Darlington test, Chi-Square test, Shapiro-Wilk normality test [5, 6] .
Once the signals are decoded to a particular distribution, the fault signal can be extracted easily even if the signals are buried in the noise. Even though it seems to be the solution to many problems, still, the ambiguity in the extraction persists due to ignorance and understanding of the true nature of the mathematical operators the signal built with. The vital part in the signal analysis is the initial study on the behavior and then extracting the information. The fault analyses of bearing using a different flavors of kurtosis have been reported in the literature. The kurtosis can be calculated in the time domain, frequency domain, and time-frequency domain as well [7, 8] . The kurtosis and their distribution function have a significant impact in signal detection [9] . The influence of different mathematical operators can change the statistical properties of the signals [10] . In bearing fault analysis, the Hilbert transform is used as to demodulate the modulated signals [11, 12] . Likewise, the logarithm function is applied to the FFT to separate out the side band components present in the signals and this is referred as cepstrum analysis once the signals are transferred to the time domain using inverse IFFT [13] .
Methodology
The signals and the experimental test bench from the Case Western Reserve University (http://data-acoustics.com/measurements/bearing-faults/bearing-5/) is used for fault identification of bearing. The setup uses a 2 hp motor, a torque transducer/encoder, a dynamometer and a 6205-2RS deep groove ball bearing as shown in Fig. 1 . Two different faults of 0.1778 mm/0.007" and 0.5334 mm/0.021" diameter are created in the inner race, outer race and on the ball using electro-discharge machining (EDM). Drive end vibration data of the bearing are collected using an accelerometers sensor mounted at 6 o'clock positions. The vibration signals are acquired using 16 channel data acquisition card and at a sampling rate of 12000. Table 1 represents the bearing configuration. 
Results and discussion
The pdf of the vibration signals depends on sampling duration and sampling rate. But, for this study the distribution function are tested for a duration of around 10 sec and sampling rate of 12000. Initially the results are analyzed using K-S test to identify the closest distribution. Fig. 3 (a) shows the pdf and the histogram for IRD defect. It is observed that the pdf is closer to Laplace distribution with a value of 0.64 and least significant for the normal distribution. The boundary value of x ranges between 1.5 to -1.2. For ORD fault in Fig. 3 (b) the pdf increases to 0.72 and the boundary value is, -3.2 < < 3.3. The analysis also shows that ORD fault distribution is close to Laplace rather normal for a fault dimension of 0.007". When the K-S test is conducted for BD, the histogram and pdf are closer to the normal distribution as in Fig. 3(c) . When the K-S test is used to verify the fault for a higher dimension fault size of 0.021", the pdf as well as the boundary condition increases to limiting value of -3.2 < < 3.2 as compared to -1.2 < < 1.5 as shown in Fig. 3(d) . The ORD has the maximum range for the boundary limiting the signal as well as the pdf. The pdf value is more than 1.3 and the boundary range from -6 < < 6 as compared to -3.2 < < 3.3 as shown in Fig. 3(e) . The signal follows the Laplacian distribution closely rather the normal distributions. The same analysis when applied to the BD, the boundary is limited to a smaller range with pdf of 0.72 as shown in 3(f). It can be concluded that the ORD and IRD faults follow the Laplace distribution and the BD follow the normal distributions Irrespective of the fault sizes. Only the deviation happens to be along the boundary and the value of the pdf. More the fault size the higher the value of pdf as well as boundary values.
As the signal gaussian and Laplacian noise are commonly observed in bearing vibration signals, the authors have tried to analyze the effect of the noise generated using these two distributions on the kurtosis of the signal and best possible method to enhance the kurtosis. In this approach, four different signals are generated by adding Gaussian and Laplacian noises in percentage of the RMS value of the signal. It can be observed from Table 2 that after adding noise to the healthy bearing signals, the kurtosis started rising from 2.802 to 2.915, and it indicates the change in the shape parameter. Similar observations are true for the ball defects i.e. the kurtosis increases with increase in noise i.e. from 2.952 to 3.037. But dramatic changes are observed for IRD and ORD. The kurtosis started falling with increased noise intensities. The kurtosis value decreases from 5.380 to 3.910 for IRD, and 7.556 to 4.685 for ORD as shown in Fig. 4(a) . It can be inferred that the vibration signature for healthy, BD, IRD and ORD exhibit different distribution as the noise are introduced into the signals. The similar change in the kurtosis values for different and for higher fault dimensions is shown in Fig. 4(b) . The CF for healthy, ORD, and BD increases with addition of noise where as it decreases for IRD. The other statistical parameters do not show any regular pattern to conclude about noise and their effects. For significant fault identification in buried noisy signals, proper noise reduction algorithm must be chosen to extract the information from the noise. It is reported in the literature by B. Eftekharnejad et al., that the CF can be used as an indicator for SNR (signal to noise ratio) calculations [14] . It is observed from Table 2 that the CF increases for healthy bearing data (3.534 to 4.000) and for BD (3.935 to 4.052) defects, even after the addition of Gaussian noise of variable intensities. But, the intensity crumbles between 4.832 to 5.470 for IRD, and it decreases for ORD (5.108 to 4.655). It can be verified from the results that CF as a calculator for SNR can misjudge the statistical way of analyzing the signals.
To actuate more information, Laplacian noise is added to the signals as shown in Table 3 . It is observed the CF for the Healthy, IRD, ORD, BD faults are ranges between 3.534-5.173, 4.832-5.470, 5.108-5.147, and 3.935-5.090 respectively. CF increases for Healthy, IRD, and BD defects, whereas it decreases for ORD. Both the data having different conjecture in analyzing the CF under variable noise added to the signals. It can also be observed that due to the addition of Gaussian and Laplacian noises the skewness of the signals for IRD and ORD defect moves towards zero i.e. from positive to zero. The skewness for BD and healthy signals moves from negative to zero as shown in Tables 2 and 3 . It can be inferred from the analysis that the distribution of the signal can be either Gaussian or Laplacian or can be of mixed types (most likely ranking of the distribution are taken into account). The rank wise analysis shows that the BD and Healthy bearing for .007 and .021 defects best fit to the normal distribution. It can be concluded that the increases in kurtosis may not indicate the improvement SNR (signal to noise ratio) as BD and healthy states of the bearings are concerned. The analysis is true only for the IRD and ORD cases. 
Conclusions
Firstly, this paper verifies the signal type and their distribution using K-S test. Secondly, it analyzes the effect of different concentration of noise on the statistical moments of bearing faults. The K-S test is significant in finding the exact distribution of the bearing signals as the fault dimension increases. The estimated probability density function for the IRD and ORD follow Laplacian distribution. Whereas, healthy and BD follows normal distribution. It is observed the boundary value can be used as an indicator in detecting a fault. It increases with increase in fault dimension and reflects the closeness of particular fault to the sensor mounting positions. Likewise, the magnitude of the pdf also indicates the qualitative increase in the fault dimension. The doping of noise into the signals indicates the decrease in the fourth order moment for IRD and ORD. But it increases for the healthy and the BD. It is also observed the statistical moments of the healthy and BD are much closer with a little deviation in the kurtosis.
